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Introduction
This paper analyses sectoral differences in the propensity to innovate and the extent to which the mechanisms through which firms innovate vary across sectors. This is accomplished through the use of the Irish Community Innovation Survey (CIS) 2004-06.
Four broad sectoral classifications are identified; high-technology manufacturing, all other manufacturing (AOM), wholesale, transport, storage and communication (WTS&C) and financial intermediaries (FI). Peneder (2010) alludes to a tension between firm-level and sector-level studies of innovation activity. He notes that the former point to heterogeneity of behaviour among individual firms while the latter show significant differences between sectors and observed consistencies in sectoral data. This tension, he argues, has important implications for innovation policy in that "industry characteristics matter and cannot be ignored [and] their accurate understanding helps to design policy programs and tailor them more effectively to the needs of targeted firms" (Peneder 2010: 324) .
It has become standard in the literature to control for sector specific effects in the innovation production function framework. Roper et al. (2008) , Freel (2003) , Love and Roper (2002) and Oerlemans et al. (1998) Love and Roper (2002) all control for sectoral differences in the propensity for firms to engage in innovation. Doran and O'Leary (2011) and Hall et al. (2009) provide evidence of heterogeneity across sectoral classifications in the propensity to innovate; suggesting that high-technology firms have a higher likelihood of engaging in certain forms of innovation. These studies essentially control for variation in the intercept coefficient by including a series of dummy variables in the innovation production function; thereby faciliting an analysis of differences in innovation propensity across sectors.
However, there has been relatively little discussion or analysis of the variation in the mechanisms through which firms in different sectors generate innovation output. In essence, while it is standard to control for differing propensities to innovate, no such consideration is granted to potential variation in the importance of innovation inputs across sectors. This paper aims to address this defficiency in the literature by utilising econometric techniques to assess whether input coefficients in the innovation production function are stable or whether they vary depending on the sector in which the firm operates.
This paper identifies four distinct types of innovation; new to market (NtM) and new to firm (NtF) product innovation, process innovation and organisational innovation. These four types of innovation are consistent with Schumpeter's (1934) and the OECD's (2005) distinction between different forms of innovation output.
Innovation production functions are estimated using probit models incorporating intercept dummy variables to test for differing propensities to innovate across sectors.
Subsequently sectoral restriced models are estimated and likelihood-ratio tests utilised to test for stability in the coefficient estimates across sectors; thereby facilitating an analysis of whether the innovation activity of firms vary among sectors.
The remainder of the paper is structured as follows. Section 2 presents a review of the relevent literature and places the contributions of this paper within this literature.
Following this, Section 3 outline the methodology employed by this paper. The data utilised by this paper is then summarized in Section 4. Section 5 presents the empirical results derived and a discussion of the key findings from these results. The final section concludes and provides policy implications derived from the evidence presented in Section 5.
Literature Review
Howells (2002) and Lissoni (2001) argue that innovation is of vital importance, not only for business success, but also for economic growth and social wellbeing. This paper, in analysing whether the determinants of innovation vary across sectors, aims to provide an insight into whether targeted policy formation is required to ensure that firms in differing sectors receive the necessary support in their innovation activities.
In this section, conceptual frameworks and empirical evidence on the drivers of businesslevel innovation are presented, followed by a discussion on why the relative importance of these drivers may vary across sectors.
It is clear from the literature that business innovation is conditioned by internal and external knowledge generation activities, with complentarity between both. The importance of internal sources of knowledge is highlighted by , who emphasize the sourcing of knowledge inside the business through the performance of R&D, which involves solving "problems all along the chain of innovation from the initial design to the finished production processes " (1986:303) . This performance of internal R&D activity is viewed as a crucial component in firms' innovation production as it allows firms to expand their knowledge base (Griliches 1992; Freel 2003) .
Interaction with external agents may also act as an important source of knowledge for innovative firms. Lundvall (1988) , and Nonaka et al. (2001) , when viewing interactive learning as a positive source of knowledge, suggest that external linkages can be exploited for the advancement of business innovation. For firms to innovate they utilise, combine and transform existing knowledge into a new product or process. However, internal knowledge is often not sufficient and acquiring new knowledge from outside the organisation is frequently required (Howells 2002) . Bathelt et al. (2004) suggest that firms engage in external knowledge sourcing to complement their existing knowledge or to overcome deficiencies in their internal knowledge.
Similarly, Romijin and Albu (2002) and Gertler and Levitte (2005) note that external networking and interaction may be viewed as an important source of knowledge for innovation, with firms learning through interaction. Cohen and Levinthal (1989) emphasise the importance of R&D as a direct source of knowledge for innovation and for developing absorptive capacity which enables businesses to identify, evaluate and exploit external sources of knowledge.
This interaction may take place with market-based agents such as customers and suppliers or non-market-based agents such as higher education institutes or public research facilities. The form of interaction may range from contractual collaboration with an agent to social or informal, perhaps unintentional, networking. For the purposes of this paper interaction is defined in the Irish CIS as active participation with other enterprises or non-commercial institutions on innovation activities, where both parties do not need to benefit commercially (Central Statistics Office 2009).
Apart from internal knowledge generation and external linkages a number of firm specific factors may also affect innovation performance. Whether the firm is indigenous or foreign owned may play a role in explaining innovation performance, which is an issue of particular relevance to Ireland given its reliance on foreign direct investment (Klomp and Van Leeuwen 2001; Jordan and O'Leary 2008; Roper et al. 2008) . Also, the size of the firm may impact on its innovation performance (Cohen and Klepper 1996) .
Of interest in this paper is the extent to which there are sectoral differences in the importance of various determinants of innovation. argue that recognition is needed that there are many "black boxes" through which firms' generate differing forms of innovation and that the mechanism through which these innovations arise may vary depending on the type of innovation and the nature of the innovating firm.
This suggests that there is a need to consider that innovation activities may vary depending on the sectoral environment a firm operates in.
Sectoral differences has been an important empirical consideration since, at least, Pavitt (1984) identifies a taxonomy of four categories of firm, science-based, specialised suppliers, supplier-dominated and scale-intensive firms, based on sources and patterns of technological change. According to de Jong and Marsili (2006: 216) these sources and patterns "shape and differentiate the pattern of innovation of firms across sectors". Malerba (2002) , in promoting a sectoral system of innovation perspective, argues that that sectors differ greatly in their knowledge bases, technologies, production processes, complementarities, demand, non-firm organizations and institutions. Indeed, Malerba (2004) notes that innovation activity takes place in substantially differentiated sectoral environments; identifying that the sources of knowledge available to firms, the actors involved in the innovation process and the institutions available to firms varies across sectors. Montobbio (2004) notes that empirical analysis can provide stylised facts regarding how innovation activities vary across different sectors.
An example of how the relative importance of different sources of external knowledge may differ across sectors is provided by Schartinger et al. (2002) , who consider the nature of industry-university linkages. They find in a study of Austrian businesses and universities that "sectors of economic activity and fields of science engage in different types of interactions" (Schartinger et al, 2002:235) . They argue that the variety of industrial sectoral patterns should inform policy in relation to industry-university knowledge interaction. Analyses by Doran and O'Leary (2011) and Hall (2009) identify differing propensities for firms in various sectors to innovate. However, they do not assess whether the driver of innovation vary across sectors. This paper moves beyond the traditional method of controlling for sectoral factors using dummy variables. The method is presented in detail in the next section.
Methodology
In order to analyse the effects of various innovation inputs and company specific factors on the innovation performance of firms this paper employs an innovation production function (Oerlemans et al. 1998; Roper 2001; Love and Mansury 2007) . Following from Freel (2003) , Mansury and Love (2008) and Hall et al. (2009) the innovation production function specified in equation (1) relates the probability of a firm engaging in innovation activity to a number of key explanatory factors. A series of probit models are used to estimate equation (1).
Where IO i is a binary indicator of whether firm i engaged in one of four forms of innovation considered; new to firm (NtF), new to market (NtM), process or organisation innovation. These varying forms of innovation are considered as it can be expected that each of these types of innovation are the result of a differing combination of innovation inputs. Further to this, the propensity for firms across different sectors to engage in each type of innovation may vary (OECD 2005) . Therefore, in order to fully address the variation in innovation output and behaviour across sectors, it is important to analyse the unique process through which firms decide to engage in each form of innovation.
EI ki is a binary indicator of whether firm i interacted with external knowledge source k.
Previous research has shown that external knowledge sources can play an important role in the innovation process of firms (Oerlemans et al. 1998; Freel 2003) . However, the nature of the importance of external interaction agents may vary across different types of innovation (Roper et al. 2008; Roper et al. 2010) . Therefore, while it is postulated that β k will have a positive effect on the likelihood of innovating it is highly probably that the importance of the various external agents will vary depending on the type of innovation considered.
It is also widely held in the literature that R&D has a strong positive impact on innovation performance (Cohen and Klepper 1996) . Therefore, this paper includes R&D i ; a binary indicator of whether firm i engaged in R&D activity during the reference period. Again it is expected that R&D will have a positive impact on the probability of innovation, but that its importance may vary across the different types of innovation. Z mi is a vector of company specific factors including the size of the firm and whether the firm is indigenous or foreign owned.
Finally, S ni is a series of binary variables indicating the sector in which the firm operates. As the key focus of this paper is to analyse sectoral difference in the innovation performance of Irish firms, equation (1) is initially estimated and special consideration is given to the S ni variables. In doing so this paper identifies the differences among sectors regarding their propensity to engage in each of the three types of innovation activity.
However, this paper further develops upon this sectoral analysis by acknowledging that while firms in different sectors may have differing propensities to innovation they may also innovate differently. For example, firms in the high-tech sector and wholesale, transport, storage and communication sector may both introduce organisation innovation, but the mechanisms through which they develop this innovation may differ substantially.
In order to investigate whether this is the case, equation (2) is estimated for each of the individual sectoral classifications used by this paper.
Where each variable is defined as above with the addition of the subscript s; here s indicates that, for each sector, different coefficients may be observed. As four sectors are identified in this paper, equation (2) is estimated four times, once for each sector, for each of the four types of innovation. By allowing for a variation in the coefficients across sectors, differences in firms' innovation strategies and value chain can be observed.
In order to ensure that the variance in coefficients across sectors is significantly different, likelihood-ratio tests are employed (Long and Freese 2001; Greene 2008) . These involve comparing the restricted estimation of equation (1), for all sectors, to the unrestricted estimations of equation (2), the individual sectoral estimations. The test assesses whether the composite models, comprised of the sectoral estimations of equation (2), provide a better estimation than the aggregate model specified in equation (1). The null hypothesis of the test is that the aggregate model applies to each of the sectors analysed and that there is parameter stability across sectors. This is expressed as:
Which states that the sum of the log likelihood of the composite sectoral models equals the log likelihood of the aggregate model. Should the likelihood-ratio test indicate a significant difference in the coefficient estimates across the sectoral regressions this would support the hypothesis that the mechanisms through which firms in different sectors perform innovation vary. While if the likelihood-ratio tests indicate that there is no significant differences across the estimations this suggests that firms, regardless of the industry they operate in, innovate in the same way.
The method used in this paper has advantages over the use of interaction variables as it avoids the problems of potential multicollinearity among the interaction terms while also facilitating an overall statistical test of parameter stability. This would result in 24 additional variables being included in the model which are all products of existing variables, thus raising the likelihood of multicollinearity being observed and incorrect inferences being drawn from the data. The use of interaction terms would also reduce degrees of freedom, although this is less an issue given the number of observations in this data set.
Data
The data set utilised by this paper is the Irish Community Innovation Survey ( The target for the Irish CIS are the complete range of manufacturing sectors with selected service sectors. As this paper focuses on variation in innovation activity across sectors, care must be taken when defining sectoral classifications. When determining these classifications, three factors must be considered. Firstly, it is necessary to ensure that there are substantial differences in the sectoral classifications as, if they are similar, it would be expected that there would be little variation in the innovation activity across these sectors 1 . Secondly, the classifications must reflect a logical, coherent selection of firms which operate in a similar manner. Finally, the sectoral classifications must be broad enough to ensure that a sufficient number of firms fall into each category to provide statistically robust estimations of the models specified in the previous section.
Therefore, while it has been standard in some instances to include a vector of NACE2 digit classifications this was not possible for this paper and broad sectoral classifications are generated based on the OECD classification system as detailed below (European Key innovation input variables considered in this paper are external knowledge sources and research and development. The Irish CIS defines external interaction as active participation with other enterprises or non-commercial institutions on innovation activities. The CIS identifies seven potential external partners; (i) other group enterprises, (ii) suppliers, (iii) customers, (iv) competitors, (v) consultants, (vi) universities and (vii) public research institutes. Due to the low level of response in the university and public research institute categories the decision was taken to amalgamate these two linkages into one; public interaction. R&D activity is defined as creative work undertaken within an enterprise to increase the stock of knowledge for developing new and improved products and processes. It can be noted from Table 1 that 25% of firms engage in R&D activity while the degree to which firms engage with external knowledge sources varies depending on the agent considered.
Finally this paper also controls for the size of the firms and whether the firm is Irish owned. The average size of firms surveyed in the Irish CIS is 124 with a standard deviation of 525. While 74% of the firms surveyed are Irish owned. Table 2 displays the probit estimations of equation (1), the restricted model. Included in these estimations are sectoral dummies indicating the sector in which the firm operates, with high-technology manufacturing being the reference category. The results of the likelihood-ratio test for parameter stability across sectors are also presented in Table 2 .
Empirical Results

Results of the Restricted Model
The null hypothesis is that there is no variation in the parameter estimates of the four distinct sectors.
[insert Table 2 around here]
Initially, it can be observed that the likelihood-ratio statistics, presented at the bottom of Table 2 , suggest that it is not possible to reject the null hypothesis for process and organisational innovation. This suggests that the coefficient estimates of equation (1) for process and organisational innovation exhibit stable parameter estimates across sectors and can be confidently interpreted. However, it can be observed that the null hypotheses of parameter stability for NtF and NtM innovation can be rejected. This implies that these parameter values from the estimation of equation (1) are not consistent across sectoral classifications and that the aggregate estimation may provide misleading insights into the innovation activity of firms across these sectors. Therefore, as dictated by the likelihood ratio test, it is not appropriate to discuss the results for NtF or NtM innovation in the aggregate sense. The remainder of this sub-section will focus on the discussion of the aggregate results for process and organisational innovation, while the following section will present the disaggregated results of the estimation of equation (2) suggest that regardless of the sector a firm operates in the manner in which the firm generates a process or organisation innovation and its propensity to do so do not vary.
When considering the key drivers of process innovation, it can be noted that external interaction with suppliers and competitors has a significantly positive effect. Similarly, firms which engage in supplier and public research linkages are more likely to engage in organisational innovation. This result is consistent with the international literature;
suggesting that external networking is an important source of knowledge for innovation (Freel 2003; Mansury and Love 2008; Roper et al. 2010) . However, it also suggests that external linkages are not universally significant, and that only a small number of targeted interaction agents have a positive effect on innovation propensity (Freel 2003; McCann and Simonen 2005) .
As is expected, R&D is found to be consistently significant and positive for both process and organisational innovation (Cohen and Klepper 1996) . This suggests that firms which engage in internal knowledge generation are more likely to innovate, relative to those 
Results of the Unrestricted Model
The likelihood-ratio test results for NtF and NtM innovation suggest that the slope coefficients of the model vary across sectors. Therefore, it is important to provide separate estimates for each sectoral class so as to avoid misinterpreting the results from an incorrectly specified aggregate model. This variation in the drivers of innovation across different sectors is generally consistent with the existing international literature with Pavitt (1984) , Oerlemans et al. (1998) and Hall et al. (2009) all indicating that the propensity to innovate varies across sectors. The results of these individual sectoral estimations of equation (2) are presented in Table 3 .
[insert Table 3 around here]
It can be observed that there is substantial variation in the drivers of NtF innovation across sectors. Apart from the performance of R&D, no other variable has a consistent effect on the likelihood of NtF innovation. External interaction is only found to be an important driver of NtF innovation in the W,T,S&C sector; in the remainder of the sectors there is no significant external interaction effect. This suggests that for the majority of sectors considered, NtF innovation is primarily driven be internal knowledge generation through R&D. Finally, indigenous firms in the W,T,S&C and FI sectors are less likely to introduce NtF innovations relative to non-indigenous firms.
Turning to NtM innovation, it can be noted that, apart from R&D, the drivers of innovation across sectors vary substantially. Firstly, for firms in the high-technology sector, the key driver of innovation is internal R&D activity. External interaction is found to have no significant effect on the likelihood of innovation. However, for the three remaining sectors, external interaction is found to have a significant effect. Firms in the AOM sector which interact within their group are more likely to introduce NtM innovations; firms in the W,T,S&C sector are more likely to introduce NtM innovations if they interact with their suppliers and customers and firms in the FI sector are more likely to introduct NtM innovations if they interact with competitors and consultants.
Interestingly, a number of negative interaction coefficients are present. Firms in the AOM and W,T,S&C sectors are less likely to innovate if they interact with consultants while firms in the W,T,S&C sector are also less likely to innovate if they interact with competitors. This result suggests the need for targeted interaction by firms (Freel 2003) , as oppose to merely open interaction (Laursen and Salter 2006) . Finally, indigenous firms in the W,T,S&C sector are less likely to innovate relative to non-indigenous firms.
Comparing Restricted and Unrestricted Models
The key contribution of this paper is to analyse whether estimations of innovation production functions, in which numerous sectors are included, exhibit parameter stability across sectors. Should parameter stability not be observed, this raises possibilities that results derived from aggregate estimations may be misleading. This section compares the results of the estimations of the restricted model, equation (2), for NtF and NtM innovation against the unrestricted estimation of equation (1). It is noted that the loglikelihood ratio tests indicate the aggregate estimation, of these two forms of innovation, to be unsuitable due to parameter variability across sectors.
Initially, in Table 2 , the results indicate that interaction with suppliers and customers have a positive effect on NtF innovation while interaction with consultants has a negative effect on NtF innovation. It is also concluded that indigenous firms are less likely to NtF innovate relative to non-indigenous firms. However, from Table 3 , it can be noted that these results are largely driven be the W,T,S&C sector. It is only this sector which exhibits significant interaction coefficients. However, due to the fact that it comprises approximately 40% of the sample, it would appear that this sector drives the significance of these interaction coefficients in the overall model. Therefore, conclusions drawn from Similar conclusions can be drawn for NtM innovation. Table 2 suggests that interaction with other group agents and suppliers has a positive effect on NtM innovation while interaction with consultants has a negative effect on NtM innovation. However, when
analysing Table 3 it can clearly be seen that this does not hold true across all sectors.
One important point to note is that while interaction with consultants does indeed have a negative effect on the likelihood of NtM innovation in the AOM and W,T,S&C sectors, it actually has a positive effect on NtM innovation for firms in the FI sector. When combined the AOM and W,T,S&C sectors comprise a total of approximately 75% of the sample, perhaps explaining why a negative coefficient is observed in the aggregate model. This example points to the importance of ensuring that models are specified correctly before deriving innovation policy implications, as a failure to do so may result in the application of an innovation policy which has adverse effects on some sectors.
Conclusions and Implications
This paper estimates an innovation production function which analyses the effects of external interaction and internal R&D on firms' innovation performance, using data from the Irish Community Innovation Survey (CIS) 2004-06. While it is common to control for differing propensities to innovate across sectors through the inclusion of sectoral dummy variables in innovation production functions, this implicitly assumes that the importance of innovation inputs do not vary across sectors. In a key contribution, through the estimation of an innovation production function, for four differing types of innovation, and the subsequent testing of these functions for parameter stability across sectors, this paper provides an empirical analysis of whether the importance of innovation inputs vary across sectors.
For new to firm and new to market innovation, the likelihood ratio test indicates that there is parameter instability across sectors. This suggests that there is a strong degree of heterogeneity in the drivers of innovation across sectors. Initially, the results find that for new to firm innovation, business networking is only found to have a significant role in explaining innovation in the wholesale, transportation, storage and communication sector.
In the remaining three sectors the main driver of new to firm innovation are internal drivers such as R&D. For new to market innovation it is found that only firms in the high-technology sector do not make use of business networks in their innovation process.
However, across the remaining three sectors it is found that networking plays a critically important role in the likelihood of new to market innovation. Interestingly, however, the importance of business networks vary depending on the sector. For example, interaction with other group companies is found to be important for firms in the manufacturing sector while supplier interaction is important for the wholesale, transport, storage and communication sector and consultants are important for the financial intermediaries sector.
The results indicate that the propensity to introduce process or organisational innovations varies slightly depending on the sector in which a firm operates but there is no difference in the mechanisms through which these sectors innovate. This suggests that, regardless of sector, business networking is consistent as is the effectiveness of R&D for these forms of innovation.
These results raise a number of important implications for policy makers. The variability in the driver of innovation across sectors for new to firm and new to market innovation suggests that, by implementing a broad range of innovation support measures or applying a "one size fits all" policy, innovation supports may be less effective than hoped. The results strongly suggest that a nuanced approach, tailored to specific sectors is required.
For instance, the results derived in this paper suggest that high-technology firms rely on internal R&D to generate new to firm and new to market innovations while manufacturing firms rely on a mixture of internal R&D and business networking.
Therefore, policies aimed at high-technology firms should focus on supporting R&D while policies targeted at manufacturing firms could employ a hybrid strategy of supporting R&D while also aiding the firm in establishing business networks. Note 1: *** indicates significance at the 0.01 level, ** indicates significance at the 0.05 level and * indicates significance at the 0.1 level.
